Abstract-To efficiently support quality of service (QoS) in future wireless networks, it is important to model a wireless channel in terms of connection-level QoS metrics such as data rate, delay and delay-violation probability. To achieve this, in [7] , we proposed and developed a link-layer channel model termed effective capacity (EC) for flat fading channels. In this paper, we apply the effective capacity technique to modeling frequency selective fading channels. Specifically, we utilize the duality between the distribution of a queue with superposition of N i.i.d. sources, and the distribution of a queue with a frequency-selective fading channel that consists of N i.i.d. sub-channels, to model a frequency selective fading channel. In the proposed model, a frequency selective fading channel is modeled by three EC functions; we also propose a simple and efficient algorithm to estimate these EC functions. Simulation results show that the actual QoS metric is closely approximated by the QoS metric predicted by the proposed EC channel model. The accuracy of the prediction using our model can translate into efficiency in admission control and resource reservation.
I. INTRODUCTION
Future cellular wireless networks are expected to support multimedia traffic with diverse QoS guarantees. Wireless channels are characterized by time-varying capacity due to channel fading; to provide explicit QoS guarantees such as a data rate, delay bound, and delaybound violation probability triplet, it is necessary to analyze a QoS provisioning system in terms of these QoS measures, for the fading channels. This task requires characterization of the service (channel modeling), and queueing analysis of the system. Specifically, a general methodology of designing QoS provisioning mechanisms at a wireless network node, involves four steps: 1) Channel measurement: e.g., measure the channel capacity process [4] . It requires channel estimation at the receiver side and feedback of channel estimates to the transmitter. process [4] . 3) Deriving QoS measures: e.g., analyze the queue of the system and derive the delay distribution, given the Markov-modulated Poisson process as the service model and assuming a certain Markovian traffic model [4] . 4) Relating the control parameters of QoS provisioning mechanisms to the derived QoS measures: e.g., relate the amount of allocated resource to the QoS measures. If such a relationship is known, given the QoS requirements specified by a user, we can calculate how much resource needs to be allocated to satisfy the QoS.
Steps 1 to 3 are intended to analyze the QoS provisioning mechanisms, whereas step 4 is aimed at designing the QoS provisioning mechanisms.
However, the main obstacle of applying the four steps in QoS provisioning, is the high complexity in charac-terizing the relation between the control parameters and the calculated QoS measures, based on existing channel models, i.e., physical-layer channel models (see Fig. 1 ). This is because the physical-layer channel models (e.g., Rayleigh fading model with a specified Doppler spectrum) do not explicitly characterize a wireless channel in terms of the link-level QoS metrics specified by users, such as data rate, delay and delay-violation probability. To use the physical-layer channel models for QoS support, we first need to estimate the parameters for the channel model, and then extract the link-level QoS metrics from the model. This two-step approach is obviously complex, and may lead to inaccuracies due to possible approximations in extracting QoS metrics from the models. For example, in [10, pp. 123-125] , we showed that using a finite-state Markov chain channel model, one could analyze the queue (having a complexity that is exponential in the number of users) to determine what percentage of the channel resource need be allocated to a scheduler, so that a specified QoS can be satisfied; to make matters worse, the queueing analysis does not result in a closed-form relation between the control parameters and the QoS measures.
Recognizing that the limitation of physical-layer channel models in QoS support, is the difficulty in analyzing queues using them, in [7] , we proposed moving the channel model up the protocol stack, from the physicallayer to the link-layer. We call the resulting model an effective capacity (EC) channel model [7] , because it captures a generalized link-level capacity notion of the fading channel. Figure 1 illustrates the difference between the conventional physical-layer channels and the link-layer channel. In [7] , we presented the EC model for flat fading channels; in this paper, we consider an EC model for frequency-selective fading channels.
To summarize, the effective capacity channel model that we propose, aims to characterize wireless channels in terms of functions that can be easily mapped to linklevel QoS metrics, such as delay-bound violation probability. Furthermore, we propose a channel estimation algorithm that allows practical and accurate measurements of the effective capacity model functions. The EC model captures the effect of channel fading on the queueing behavior of the link, using a computationally simple yet accurate model, and thus, is a critical tool for designing efficient QoS provisioning mechanisms as shown in [8] , [9] .
The remainder of this paper is organized as follows. In Section II, we describe an effective capacity model for flat fading channels. Section III presents an effective capacity model for frequency selective fading channels. In Section IV, we show simulation results that demonstrate the accuracy of the proposed channel model. Section V concludes the paper.
II. EFFECTIVE CAPACITY MODEL FOR FLAT FADING CHANNELS
We first formally define statistical QoS, which characterizes the requirement of a user. First, consider a singleconnection system with a flat fading channel. Assume that the user source has a fixed rate r s and a specified delay bound D max , and requires that the delay-bound violation probability is not greater than a certain value ε, that is,
where D(∞) is the steady-state delay experienced by a flow, and P r{D(∞) > D max } is the probability of D(∞) exceeding a delay bound D max . Then, we say that the user is specified by the (statistical) QoS triplet {r s , D max , ε}. Even for this simple case, it is not immediately obvious as to which QoS triplets are feasible, for the given channel, since a rather complex queueing system (with an arbitrary channel capacity process) will need to be analyzed. The key contribution of [7] was to introduce a concept of statistical delay-constrained capacity termed effective capacity, which allows us to obtain a simple and efficient test, to check the feasibility of QoS triplets for a given time-varying channel. That paper dealt with flat fading channels instead of frequency selective fading channels, which we consider in this paper.
Next, we briefly explain the concept of effective capacity, and refer the reader to [7] for details.
Let r(t) be the instantaneous channel capacity at time t. Assume that, the asymptotic log-moment generation function of r(t)
exists for all u ≥ 0. Then, the effective capacity function of r(t) is defined as
That is,
Proceedings of the 2nd Int'l Conf. Consider a queue of infinite buffer size supplied by a data source of constant data rate µ (see Fig. 2 ). It can be shown [7] that if α(u) indeed exists (e.g., for ergodic, stationary, Markovian r(t)), then the probability of D(∞) exceeding a delay bound D max satisfies
where {γ(µ), θ(µ)} are functions of source rate µ and they depend only on the channel capacity process r(t). {γ(µ), θ(µ)} can be considered as a channel model that models the channel at the link layer (in contrast to physical layer models). The approximation (5) is accurate for large D max .
In terms of the effective capacity function (4) defined earlier, the QoS exponent function θ(µ) can be written as [7] θ(µ) = µα
where α −1 (·) is the inverse function of α(u). Once {γ(µ), θ(µ)} have been measured for a given channel, they can be used to check the feasibility of QoS triplets. Specifically, a QoS triplet {r s , D max , ε} is feasible if θ(r s ) ≥ − log(ε/γ(r s ))/D max .
The above effective capacity model is for flat fading channels. Next, we extend the EC model to the case of frequency selective fading channels.
III. MODELING FOR FREQUENCY SELECTIVE FADING CHANNELS
In [7] , we modeled the wireless channel in terms of two 'effective capacity' functions; namely, the probability of non-empty buffer γ(µ) and the QoS exponent θ(µ). Furthermore, we developed a simple and efficient algorithm to estimate the EC functions {γ(µ), θ(µ)}. For flat-fading channels (e.g., Rayleigh fading with a specified Doppler spectrum), the simulation results [7] have shown that the actual QoS metric is closely approximated by the QoS metric predicted by the EC channel model and its estimation algorithm, under various scenarios. On the other hand, for frequency selective fading channels with high degrees of frequency diversity, a refinement is useful to characterize γ(µ) further. The technique we use is a dual of large deviations theory for many sources.
In this section, we use the duality between the distribution of a queue with superposition of N i.i.d. sources, and the distribution of a queue with a frequency-selective fading channel that consists of N i.i.d. sub-channels, to propose a channel model, specified by three functions
The remainder of this section is organized as follows. Section III-A presents large deviation results for a queue with many inputs, which provide us the method to model frequency-selective fading channels. In Section III-B, we describe an effective capacity model for frequencyselective fading channels.
A. Large Deviation Results for a Queue with Many Inputs
In [1] , Botvich and Duffield obtained a large deviation result for the queue at a multiplexer with N inputs. To state their results, let Q N (∞) be the length of the steady-state queue due to a superposition of N i.i.d. stationary sources, served at constant rate N × r (r fixed). Denote by A N (t) (t ≥ 0) the amount of aggregate traffic from the N sources over the time interval [0, t). Assume that the many-source-asymptotic 1 log-moment generating function of A N (t), defined as
exists for all u > 0 and t > 0.
Under appropriate conditions, paralleling the result for large buffer asymptotic [10, page 75, Eq. (23)], Botvich and Duffield's result for many source asymptotic [1] is
where I(B) = inf t>0 tΛ * t (B/t), and f (x) ∼ g(x) means that lim x→∞ f (x)/g(x) = 1. Eq. (9) yields the approximation
1 Many source asymptotic is for the case where the number of sources N goes to ∞ while large buffer asymptotic is for the case where the buffer size B goes to ∞.
By introducing a prefactor β (s) (r), a more accurate approximation was proposed in [2] as below,
and
under appropriate conditions. The quantity β (s) (r) × e −η (s) (r)×N can be regarded as the probability that the buffer is non-empty; this probability decays exponentially as the number of sources N increases.
If the quantity of interest is the steady-state delay
} models the aggregate source.
In the following section, we use the duality between traffic modeling ({β (s) (r), η (s) (r), θ (s) (N, r)}) and channel modeling to propose a link-layer model for frequency selective fading channels, specified by a triplet
It is clear that we intend {β (c) (µ), η (c) (µ), θ N (µ)} to be the channel duals of the source functions {β (s) (r), η (s) (r), θ (s) (N, r)}. Just as the constant channel rate r is used in source traffic modeling, we use the constant source traffic rate µ in modeling the channel.
B. Channel Modeling
Consider a queue of infinite buffer size supplied by a data source of constant data rate µ, served by 1/N fraction of a frequency-selective fading channel that consists of N i.i.d. sub-channels. The queue is served by 1/N fraction of the channel to keep the system load 2 constant as N increases. The large deviation results in Section III-A can be easily adapted to this case. The difference is that whereas in Section III-A, the source 2 The system load is defined as the ratio of the expected source rate to the ergodic channel capacity. rate was variable while the channel capacity per source was constant, in this section, the source rate is constant while the channel capacity is variable. Similar to (13) , it can be shown that the probability of D(∞) exceeding a delay bound D max satisfies
where the functions {γ N (µ), θ N (µ)} characterize the frequency-diversity channel with N independent subchannels, and the function γ N (µ) can be approximated by
Assuming equality in (15), we can easily derive a method to estimate η (c) (µ) and β (c) (µ) as below
where γ 1 (µ) and γ N (µ) can be estimated by Eq. (35) in the Appendix.
For the case where the sub-channels are i.i.d., a simplification occurs. Let r N (t) be the instantaneous channel capacity of 1/N fraction of a frequency-selective fading channel with N i.i.d. sub-channels, at time t. Then, the effective capacity function of r N (t) is defined as
if it exists. Let r 1 (t) be the instantaneous channel capacity of one sub-channel of the frequency-selective fading channel, at time t. Then, the effective capacity function of r 1 (t) is defined as
(19) According to [10, page 78, Eq. (30)], the QoS exponents θ N (µ) and θ 1 (µ) are defined as
respectively, and the two QoS exponents have a relation specified by Proposition 1.
Proposition 1:
The QoS exponents θ N (µ) and θ 1 (µ) satisfy
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So, the functions {β (c) (µ), η (c) (µ), θ 1 (µ)} sufficiently characterize the QoS P r{D(∞) ≥ D max } for a frequency-selective fading channel, consisting of arbitrary N i.i.d. sub-channels. There is no need to directly estimate γ N (µ) and θ N (µ) for arbitrary N , i.e., using Eqs. (35) through (38) in the Appendix. The EC channel model for frequency-selective fading channels and its application are summarized below. 
IV. SIMULATION RESULTS

A. Simulation Setting
We simulate a discrete-time system. In this system, the data source generates packets at a constant rate µ. Generated packets are first sent to the (infinite) buffer at the transmitter, whose queue length is Q(n), where n refers to the n-th sample-interval. The head-of-line packet in the queue is transmitted over a frequency selective fading channel at data rate r(n). We use a fluid model, that is, the size of a packet is infinitesimal. In practical systems, the results presented here will have to be modified to account for finite packet sizes.
Denote h i (n) the channel voltage gain of sub-channel i (i = 1, 2, · · · , N) in a frequency selective fading channel, at sample-interval n. We assume that the transmitter has perfect knowledge of the current channel gains h i (n) of each sub-channel i at each sample-interval n. Therefore, it can use rate-adaptive transmissions and ideal channel codes, to transmit packets without decoding errors. Thus, the transmission rate r i (n) of sub-channel i is equal to the instantaneous (time-varying) capacity of the fading channel, as below,
where B c denotes the channel bandwidth, and the transmission power P 0 and noise variance σ 2 n are assumed to be constant.
The average SNR is fixed in each simulation run. We define r awgn as the capacity of an equivalent AWGN channel, which has the same average SNR, i.e.,
where
Then, we can eliminate B c using Eqs. (24) and (25) as,
. (26) Since the transmission rate r(n) is equal to 1/N of the sum of the instantaneous capacities of the N subchannels, we have
The channel gain h i (n) of each sub-channel i (i = 1, 2, · · · , N) is assumed to be Rayleigh-distributed and is generated by an AR(1) model as below,
where v i (n) are i.i.d. complex Gaussian variables with zero mean and variance of
The coefficient κ determines the Doppler rate, i.e., the larger the κ, the smaller the Doppler rate. Specifically, the coefficient κ can be determined by the following procedure: 1) compute the coherence time T c by [5, page 165]
where the coherence time is defined as the time, over which the time auto-correlation function of the fading process is above 0.5; 2) compute the coefficient κ by
In all the simulations, we fix the following parameters: r awgn = 100 kb/s, κ = 0.98, and SN R avg = 0 dB. The sample interval T s is set to 1 milli-second. This is not too far from reality, since 3G WCDMA systems already incorporate rate adaptation on the order of 10 milli-second [3] . Each simulation run is 1000-second long in all scenarios.
In the next section, we use simulation results to show the accuracy of the channel model 
B. Accuracy of Channel Model
In the simulations, for the purpose of comparison, we first directly estimate γ N and θ N for various number of sub-channels N , using Eqs. (35) through (38); then we estimate {β (c) (µ), η (c) (µ), θ 1 (µ)} by (17), (16), and (35) through (38), respectively. (38), respectively. The figures illustrate that the estimated P r{D(∞) ≥ D max } agrees with the actual P r{D(∞) ≥ D max }. It is clear that as the number of sub-channels N increases, P r{D(∞) ≥ D max } decreases for a fixed D max . This indicates that frequency diversity improves the delay performance of a wireless channel. In [9] , we showed how to utilize frequency diversity to improve delay performance. In summary, by estimating functions {β (c) (µ), η (c) (µ), θ 1 (µ)} and using Eq. (23), we can obtain the QoS P r{D(∞) ≥ D max } for a frequencyselective fading channel, consisting of arbitrary N i.i.d. sub-channels, with reasonable accuracy.
V. CONCLUDING REMARKS
In this paper, we proposed a link-layer channel model for frequency selective fading channels. The proposed model extends the effective capacity channel model we developed in [7] . Specifically, we utilize the duality between the distribution of a queue with superposition of N i.i.d. sources, and the distribution of a queue with a frequency-selective fading channel that consists of N i.i.d. sub-channels, to develop a model for frequency selective fading channels. Under the proposed model, a frequency selective fading channel is modeled by three EC functions, namely, {β (c) (µ), η (c) (µ), θ 1 (µ)}; we also developed a simple and efficient algorithm to estimate these EC functions. Simulation results show that the actual QoS metric is closely approximated by the QoS metric predicted by the proposed EC channel model. The accuracy of our model can lead to efficient bandwidth allocation and QoS provisioning over wireless links.
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APPENDIX
Proof of Proposition 1
Denote r i (t) the instantaneous channel capacity of sub-channel i (i = 1, · · · , N) of the frequency-selective fading channel, at time t. Then for u ≥ 0, we have α N (u) 
Removing u in (31) and (32) results in 
Estimation of EC Functions {γ(µ), θ(µ)}
We briefly describe a simple algorithm to estimate the EC functions {γ(µ), θ(µ)} (see [7] for details of derivation). Assume that the time-varying channel capacity process r(n) is stationary and ergodic. For a given (unknown) fading channel and a given source rate µ, we take measurements from the queue. Note that the queue is a only simulated queue, which is calculated based on the observed r(n). First, take a number of samples, say N , over an interval of length T , and record the following quantities at the nth sampling epoch: S n the indicator of whether a packets is in service 4 (S n ∈ {0, 1}), Q n the number of bits in the queue (excluding the packet in service), and T n the remaining service time of the packet in service (if there is one in service). Then, compute the following sample means,
Finally, we obtain the estimate of θ(µ) bŷ
Eqs. (35) through (38) constitute our algorithm for estimating the EC functions {γ(µ), θ(µ)}. Note that, to get the functions γ(µ) and θ(µ), we need to estimate γ and θ for different source rate µ.
